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Abstract: In this study, we examine the relationship between total brain volume (BV) and the volumes
of several main brain compartmental (BC) measures (cortical thickness, cortical surface area, corpus
callosum, cortical gray matter, normal appearing cerebral white matter (NAWM), amygdala, accumbens,
caudate, hippocampus, putamen, pallidum, thalamus, cerebellar gray matter, and cerebellar WM) of
physically and cognitively healthy elderly individuals (mean age: 71 years, age range: 65-85 years). The
statistical analysis uncovered extremely different relationships between total BV and the aforementioned
BC metrics. These relationships ranged from extremely strong (BV explaining 85% of the variability of
cerebral WM volume) to a very small relationship (for the caudate volume and the cortical thickness).
In addition, cerebral WM and the accumbens volumes scaled out of proportion with BV, whereas most
other BC measures scaled less than proportional to BV. Thus, larger brains exhibit relatively larger
cerebral NAWM and accumbens volumes than do smaller brains. Cortical gray matter (and most other
BC measures), on the other hand, relatively decreases as BV increases, resulting in relatively small
cortical gray matter volumes (and relatively small BC measures) for large brains. These relationships are
discussed within the context of general allometric scaling principles for the human brain. In addition,
possible methodological consequences of analyzing anatomical data on the basis of MRI measurements
are also discussed.
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In this study, we examine the relationship between total
brain volume (BV) and the volumes of several main brain
compartmental (BC) measures (cortical thickness, cortical
surface area, corpus callosum, cortical gray matter, normal
appearing cerebral white matter (NAWM), amygdala,
accumbens, caudate, hippocampus, putamen, pallidum,
thalamus, cerebellar gray matter, and cerebellar WM) of
physically and cognitively healthy elderly individuals (mean
age: 71 years, age range: 65–85 years). The statistical
analysis uncovered extremely different relationships
between total BV and the aforementioned BC metrics.
These relationships ranged from extremely strong (BV
explaining 85% of the variability of cerebral WM volume) to a
very small relationship (for the caudate volume and the
cortical thickness). In addition, cerebral WM and the
accumbens volumes scaled out of proportion with BV,
whereas most other BC measures scaled less than
proportional to BV. Thus, larger brains exhibit relatively
larger cerebral NAWM and accumbens volumes than do
smaller brains. Cortical gray matter (and most other BC
measures), on the other hand, relatively decreases as BV
increases, resulting in relatively small cortical gray matter
volumes (and relatively small BCmeasures) for large brains.
These relationships are discussed within the context of
general allometric scaling principles for the human brain. In
addition, possible methodological consequences of
analyzing anatomical data on the basis of MRI
measurements are also discussed. NeuroReport
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Introduction
With modern imaging techniques, the size of the brain can
be measured in vivo using different parameters. For
example, the volumes of different brain areas [e.g. intra-
cranial volume (ICV), the volume of total brain tissue, and
volumes of brain compartments] can be precisely mea-
sured in vivo using structural MRI measurements and
appropriate analysis tools. The measured parameters vary
considerably among individuals [1–3]. In healthy adult
men, for example, ICVs range between 1 and 2 l, whereas
in healthy adult women, ICVs are considerably smaller
and range between 0.8 and 1.3 l. Comparable variabilities
have also been found for total brain tissue volume. In adult
men, brain tissue volume varies between 0.8 and 1.3 l,
whereas in women this range is slightly smaller, between
0.7 and 1.2 l. Thus, questions arise with regard to how the
volumes of the brain compartments [e.g. corpus callosum,
cortical gray matter, cerebral white matter (WM), basal
ganglia, thalamus, and cerebellum] scale as a function of
total brain size. The compartmental volumes can theore-
tically vary in proportion, out of proportion, or less than
proportional than brain size (Fig. 1). Moreover, it is
necessary to determine whether and how the brain com-
partments vary with regard to this scaling. It is possible
that several brain compartments strongly vary with brain
size, whereas others do not. To the best of our knowledge,
these questions have not yet been studied extensively.
How individual brain compartments scale in relation to total
brain volume (BV) is not only of theoretical interest, but it has
also several practical implications. It is particularly important
to understand the scaling of brain compartments in relation to
BV within the context of statistical analyses of neuroanato-
mical measures. Indeed, this is particularly important for
comparisons between groups of people with different brain
sizes as, for example, in neuroanatomical studies comparing
men and women. Such sex comparisons raise the question of
whether and how differences in the volume of brain com-
partments are predominantly caused by total brain size
[1,3–7]. In such studies, BV is often used as a covariate, or the
brain compartments are normalized linearly on the basis of
BV [yielding to proportional brain compartmental (BC)
measures]. This raises the question of whether a proportional
adjustment of the brain compartment volumes to total BV is
justified in all cases. If the brain compartments scale less than
proportionally to BV, a linear downscaling of the volumes of
the brain compartments would lead to overcompensation.
However, if an out-of-proportion relationship between BV
and the volume of the brain compartments exists, a linear
normalization would lead to an under-compensation of their
volumes. Basically, similar problems arise when applying the
available techniques for stereotactic normalization within the
context of voxel-based morphometry analyzes [8,9]. Indeed,
these techniques do not account for specific relationships
between brain size and BC volumes.
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In addition to these statistical and methodological
aspects, we can also learn about the basic architectural
principles of the human brain from the brain size and the
BC relationship. For example, are large and small brains
similarly structured, or is a large brain simply a linearly
up-scaled brain (regardless of sex)? In recent studies, it
has been revealed that large brains (regardless of sex)
show relatively smaller proportions of gray matter [1,3,5].
Other studies have shown that larger brains show stron-
ger intrahemispheric and weaker interhemispheric ana-
tomical connectivities, independent of sex [4].
In this study, we are readdressing and extending the
questions of how and whether several brain compart-
ments are related to brain size. Extending previous
research, we are interested in studying the relationship
between total brain size and several compartmental brain
size measures. In particular, we will examine whether
and how volumes of cortical gray matter, cerebral WM,
cerebellar gray and WM as well as volumes of smaller
compartments (i.e. basal ganglia, amygdala, hippo-
campus, thalamus, and corpus callosum) scale in relation
to overall brain size. We also examine whether and how
cortical surface area (CSA) and cortical thickness (CT) are
related to overall brain size. A further study question
focuses on the relationship between ICV and total brain
tissue volume. As this relationship has rarely been
examined, we know very little about how strong both
brain measures is interrelated. As previously noted in an
earlier paper [1], we argue that ICV, which is most likely
strongly genetically determined, might provide a global
and stable frame for the development of brain tissue,
whereas the brain tissue itself is subject to change
because of plasticity, disease, or aging [10–12].
As, to our knowledge, no study has thus far examined
how the aforementioned brain compartments scale to
brain size, we cannot formulate explicit hypotheses. The
only exception pertains to the relationship between brain
size, cortical gray matter, cerebral WM, and the corpus
callosum because extensive information on these issues is
available [1,3,4,13,14]. We assume that the cortical gray
matter volume will scale less than proportional to brain
size, resulting in relatively small cortical grey matter
volumes for larger brains. A similar relationship is pro-
posed for the corpus callosum, for which we identified
relatively smaller corpus callosum areas with larger brain
sizes. For cerebral WM, we hypothesize an out of pro-




Data were taken from the Longitudinal Healthy Aging
Brain (LHAB) database – an ongoing project carried out at
the University Research Priority Program ‘Dynamics of
Healthy Aging’ of the University of Zurich [15]. The data of
this sample have been used in previous publications of our
group [1,16–19]. Thus, we only shortly reiterate the sample
description. We used the LHAB data from the first (base-
line) measurement (in total we measured the participants
four times over a period of 4 years) that took place between
2011 and 2013. This data set included 231 participants
(mean age=70.8±5.1 years; 49% female). In this paper, we
will not report the results with respect to the longitudinal
data set; we will rather focus on the first wave of data
acquisition. Several papers have been published by our
group presenting the longitudinal anatomical and functional
changes [16–22]. All participants completed an extensive
battery of neuropsychological tests and underwent brain
imaging (functional and structural MRI). Eligibility criteria
for study participation were age older than or equal to
64 years, a score of at least 26 on the Mini-Mental State
Examination [23], consistent right-handedness (as con-
firmed by the Annett Handedness Questionnaire [24],
German language proficiency, and no self-report of any
neurological or psychiatric disease or other contraindications
to MRI). The study was approved by the ethical committee
of the canton of Zurich. Participation was voluntary and all
participants provided written informed consent in accor-
dance with the declaration of Helsinki. Participants of the
LHAB sample are well-educated and general intelligence is
above average as compared with the general population.
General intelligence was measured with a standard German
intelligence test (Leistungsprüfsystem), which is based on
the Thurstone’s intelligence model [25]. Here, we used the
version for participants older than 50 years up to 90 years.
The split-half reliability of this test ranges between r=89
and 97 depending on the particular subtest. The detailed
Fig. 1
Hypothetical relationships between brain volume and compartmental
measures. Shown are linear relationships between the log-transformed
values with different slopes. A slope with a b=1 indicates a proportional
relationship between brain volume and the particular brain
compartmental measure. A slope with a b=1.5 indicates an out of
proportion relationship and a slope with a b=0.5 a less than a
proportional relationship.
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data for age, body height, and IQ are shown in Table 1.
Subsequently performed t-tests revealed that age was similar
for both men and women. However, men and women dif-
fered with respect to IQ, education in years, education
degree (0: no formal education, 5: academic education), and
body height, with men showing higher values than women.
Image acquisition
MRI data were acquired with a 3.0T Philips Ingenia
scanner (Philips Medical Systems, Best, the Netherlands).
We have described the image acquisition procedure in
several of our recent papers; thus, we only shortly reiterate
the technical details [1,17–19] (T1-weighted images,
recorded with a gradient echo sequence; three-dimensional
turbo field echo, 160 sagittal slices, slice thickness=1mm,
in-plane resolution=1× 1mm, field of view=240× 240
mm, repetition time=8.18ms, echo time=3.80ms, flip
angle=8°). FreeSurfer v5.3 (https://surfer.nmr.mgh.harvard.
edu) was used to obtain measurements of cortical and sub-
cortical anatomy [26–29]. After completing the standard
recon-all pipeline, measurements for CT, surface area, and
volumes were extracted for the regions of the Destrieux
(aparc.a2009s) parcellation scheme [26]. Subcortical and
global volume measurements were also extracted from
FreeSurfer’s aseg segmentation. The aseg procedure is
described in detail in the seminal paper of Fischl et al. [28].
This segmentation procedure has meanwhile been used by
many groups worldwide and has been proven to result in
valid anatomical estimates. This procedure revealed the
following anatomical measures:
(1) Intracranial volume (ICV) representing the head
size.
(2) Total brain volume without ventricles, cerebrospinal
fluid, and choroid plexus (BV).
(3) Mean cortical thickness (CT): CT is calculated as
the distance between the white and pial surface
after tessellation of the gray and WM boundary and
topology correction.
(4) Total cortical surface area (CSA).
(5) Total cortical grey matter volume (CortexVol): this
is the volume inside the pial surface minus the
volume inside the white surface minus tissue inside
the ribbon that is not part of the cortex (e.g.
hippocampus).
(6) Total cerebral normal-appearing white matter volume
(NAWM): this is volume inside the white surface
minus anything that is not WM. It does not include
cerebellar WM or brainstem. The volume of the
white matter hyperintensities (WMH) is subtracted
from the cerebral white matter count.
(7) Corpus callosum volume (CC): this is a three-
dimensional segmentation of the callosum that
provides a volume measurement, which strongly
correlates with the midsagittal callosum area [30].
(8) Cerebellar gray matter volume (CBGM).
(9) Cerebellar white matter volume (CBWM).
(10) Accumbens volume (Accumbens).
(11) Amygdala volume (Amygdala).
(12) Caudate volume (Caudate).
(13) Pallidum volume (Pallidum).
(14) Putamen volume (Putamen).
(15) Hippocampus volume (Hippocampus).
(16) Thalamus volume (Thalamus).
In the following, the brain metrics listed from (3) to (16)
are denoted as BC measures.
Statistical analysis
To estimate the relationship between BV and the BC
metrics, linear regressions were computed between the
particular BC measure as the dependent variable and BV
as an independent variable. The least squares regression
analysis was computed on the logarithmic transformation
of both the dependent variable (y) and the independent
variable (x) yielding the linear relationship:
log y¼log aþb log x;
where a is the y intercept and b is the slope. This log–log
transformation is convenient in that it usually fits the
data. In these linear relationships, the slope b is the
scaling factor [13,31]. In relationships in which a change
in the independent variable is less than proportional
b< 1, in case of proportional scaling b= 1, and when the
change is greater than the change in brain size b> 1.
Besides the slopes, R2 statistics were also computed to
estimate the amount of variance of the dependent vari-
ables (BC measure) explained by the independent vari-
able (BV). To test whether the obtained slopes differ
from proportionality the linearHypothesis tool from the R
package was used. Before log transformation, all brain
measures are corrected for age, sex, and ICV using linear
regression analyses.
To statistically evaluate whether the different brain
compartments differ with respect to their relationship
with BV, we conducted a multiple regression analysis
with the different brain metrics as independent variables
and BV as the dependent variable. To estimate the
relative importance of each predictor in explaining the
Table 1 Age, and IQ for the participants broken down for sex
Female Male All
Mean SD Mean SD Mean SD
Age (years) 70.7 5.1 70.9 5.1 70.8 5.1
IQa 119.4 5.9 121.7 7.3 120.6 6.7
Education in (years) 13.3 3.0 15.8 3.7 14.6 3.6
Education (degree) 4.03 1.2 4.7 1.2 4.3 1.3
Body height 164.6 5.9 175.9 5.9 170.3 8.2
aIQ could be slightly overestimated as the participants mostly fall exactly in the age
range between two age categories (55–69 and 70–90 years). We have used the
normalization for the age category 70–90 years. In addition, the statistics for the
entire sample (all) are also shown.
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variability of BV, we used the relaimpo software tool using
the lmg metric providing a decomposition of the model-
explained variance into non-negative contributions of
each predictor [32]. On the basis of bootstrap analyses,
we tested whether a particular R2 value (estimated by the
lmg metric) deviated from 0 and whether the R2 value for
the different regressors differs from each other. Before
the statistical analyses, the necessary assumptions for
applying linear regressions (i.e. the approximately normal
distribution of the residuals, homoscedasticity) were
confirmed for the present data set. All statistical analyses
were carried out with routines from the R software [33]
on a MacBook Pro.
Results
The means and SDs of all brain metrics are shown in
Table 2 broken down for men and women. Table 3 shows
the results of the linear regression analyses with log BV as a
predictor and the BC measures as dependent variables. As
one can see from this table, there are significant relationships
between BV and all BC measures. The descriptively
strongest linear relationships were found for NAWM
(R2=85%), CSA (R2=77%), and CortexVol (R2=73%).
The weakest was identified for the Caudate (R2=5%) and
CT (R2=10%). A clear out of proportion relationship
(indicated by b>1) was found for the Accumbens (b=1.22)
and the NAWM (b=1.19). The relationships between the
Amygdala and the CC with BV were perfectly proportional
(Amygdala: b=1.02; CC: b=1.07). The other brain com-
partments are all associated with slopes less than 1 indicating
a less than the proportional relationship to BV. The also
calculated regressions between BV and ICV (both sex and
age-corrected and log-transformed) revealed a significant
linear relationship (R2 = 0.34, intercept = 4.5 and b = 0.33).
The plotted relationships are shown in Fig. 2. As one can
see from this figure all relationships are linear. In addi-
tion, performed regression analysis with nonlinear trends
revealed no nonlinear relationship.
The relative importance of each brain measure for explaining
BV is shown in Fig. 3. Shown is the relative importance for
each brain measure as a percent of the totally explained var-
iance of the multiple regression analysis with all brain com-
partment measures as the independent variable and BV as the
dependent variable (adjusted R2=99%). In addition, per-
formed randomization tests revealed that NAWM explained
23% of the entire BV variance and is thus the brain com-
partment measure most strongly related to BV. CortexVol and
CSA explain 16 and 14% of the BV variance and, thus, are the
second most strongly associated brain compartments.
Thalamus, Hippocampus, Amygdala, CBGM, CBWM, CC,
and Accumbens are only weakly related to BV explaining
variances ranging between 7.1 (Hippocampus and Thalamus)
and 3.8% (Accumbens). Pallidum, Putamen, and Caudate are
those brain compartments most weakly related to BV (2.4%
for the Putamen, 0.6% for the Caudate). The relative con-
tributions are shown in Fig. 3.
Discussion
The aim of the present paper was to examine the rela-
tionship between brain size (here BV) and several BC
measures. As expected, all BC measures are significantly
Table 2 Average brain metrics and SDs broke down for sex
Female Male All
Mean SD Mean SD Mean SD
ICV 1346.9 197.7 1584.4 199.1 1468.2 231.0
BV 981.8 75.9 1085.5 88.4 1034.8 97.4
CT 0.4 0.0 0.4 0.0 0.4 0.0
CSA 3.1 0.0 3.2 0.0 3.1 0.0
CortexVol 403.7 31.8 442.9 32.7 423.7 37.7
NAWM 406.7 40.7 454.1 51.1 430.9 51.9
CC 3.0 0.5 3.1 0.6 3.0 0.5
CBGM 92.9 8.3 103.8 9.7 98.5 10.5
CBWM 26.5 3.5 27.8 4.0 27.2 3.8
Accumbens 0.8 0.2 0.9 0.2 0.9 0.2
Amygdala 2.8 0.4 3.2 0.4 3.0 0.4
Caudate 6.6 0.9 7.2 0.8 6.9 0.9
Hippocampus 7.4 0.8 7.8 0.9 7.6 0.9
Pallidum 3.4 0.4 3.6 0.5 3.5 0.4
Putamen 8.4 1.0 9.3 1.0 8.8 1.1
Thalamus 12.2 1.0 13.5 1.2 12.9 1.3
Volumes are shown in cm3, CT in mm, and CSA in cm2.
Accumbens, accumbens volume; Amygdala, amygdala volume; BV, brain volume;
Caudate, caudate volume; CBGM, cerebellar gray matter volume; CBWM, ere-
bellar white matter volume; CC, corpus callosum volume; CortexVol, cortical grey
matter volume; CSA, cortical surface area; CT, cortical thickness; Hippocampus,
hippocampus volume; ICV, intracranial volume; NAWM, cerebral normal-
appearing white matter volume; Pallidum, pallidum volume; Putamen, putamen
volume; Thalamus, thalamus volume.
Table 3 Results of the linear regressions between these log-BC
measures as dependent variables (y) and the log-BV measure as an
independent variable (x)
R2 Intercept Slope b<1/>1 t P
CT 0.10 0.02 0.12 *** 5.05 ***
CSA 0.77 1.65 0.81 *** 8.17 ***
CortexVol 0.73 0.48 0.80 *** 24.77 ***
NAWM 0.85 −2.17 1.19 *** 36.24 ***
CC 0.29 −6.34 1.07 NS 9.71 ***
CBGM 0.32 0.13 0.64 *** 10.26 ***
CBWM 0.30 −2.35 0.81 * 10.02 ***
Amygdala 0.44 −6.02 1.02 NS 13.47 ***
Accumbens 0.30 −8.62 1.22 * 9.84 ***
Caudate 0.05 −0.10 0.29 *** 3.43 ***
Hippocampus 0.50 −4.02 0.87 *** 15.02 ***
Pallidum 0.19 −2.84 0.59 *** 7.42 ***
Putamen 0.15 −1.47 0.52 *** 6.46 ***
Thalamus 0.48 −2.56 0.74 *** 14.67 ***
Indicated are the R2 values, the intercept of the regression equation, the slope
(which is the scaling factor), the test result for examining whether the slope is
different from 1 and thus different from proportionality, the t value of the regres-
sion.
Accumbens, accumbens volume; Amygdala, amygdala volume; BC, brain com-
partmental; BV, brain volume; Caudate, caudate volume; CBGM, cerebellar gray
matter volume; CBWM, erebellar white matter volume; CC, corpus callosum
volume; CortexVol, cortical grey matter volume; CSA, cortical surface area; CT,
cortical thickness; Hippocampus, hippocampus volume; NAWM, cerebral normal-
appearing white matter volume; Pallidum, pallidum volume; Putamen, putamen
volume; Thalamus, thalamus volume.
*P<0.01.
***P<0.001.
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related to BV. However, the relationships vary con-
siderably among the different BCs. The strongest rela-
tionship with BV was identified for NAWM, CSA, and
CorticalVol. More than 73% (even 85% for NAWM) of
the variability of these BCs is statistically explained by
BV. The relationships with the other BCs are much
lower. For example, ~ 50% of the variability of the
Thalamus (R2= 48%) and the Hippocampus (R2= 50%)
volumes are statistically explained by the variability of
BV. For the basal ganglia, the Amygdala was strongest
related to BV, whereas the Accumbens, Putamen,
Pallidum, and Caudate were less stronger related to BV.
Especially, Pallidum, Putamen, and Caudate are weakly
related to BV (R2= 5–19%). CBWM matter and CBGM
are moderately related to BV with R2 values ranging from
30 to 32%. Finally, the CC is also moderately related to
BV (R2=29%). Taken together, the different BCs vary
substantially with respect to their relationship to BV.
A further finding of this analysis is that the different BCs
scale differently to BV. Two BCs (Accumbens and
NAWM) clearly increase out of proportion with BV. In
other words, NAWM and Accumbens increase ‘faster’
than BV. CC and the Amygdala increase proportionally to
BV. The other BCs increase less than proportional to BV,
indicating that the relative proportion (related to BV) of
these BC measures decreases as BV increases.
These findings fit well with recent reports suggesting
that larger brains require relatively more WM because of
the large distances for information transmission. Thus, a
faster transmission speed is necessary to keep transmis-
sion times constant across different brain sizes [3,4,14,34].
Fig. 2
Scatterplots for the relationship between brain volume (BV) and the different brain compartment (BC) measures. Shown are also the fitted regression
lines. CT is measured in mm, volumes are measured in cm3, and CSA in cm2. Accumbens, accumbens volume; Amygdala, amygdala volume; Caudate,
caudate volume; CBGM, cerebellar gray matter volume; CBWM, erebellar white matter volume; CC, corpus callosum volume; CortexVol, cortical grey
matter volume; CSA, cortical surface area; CT, cortical thickness; Hippocampus, hippocampus volume; NAWM, cerebral normal-appearing white
matter volume; Pallidum, pallidum volume; Putamen, putamen volume; Thalamus, thalamus volume.
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To expedite information transfer, more myelin is needed
to wrap the association tracts at the end, resulting in a
larger volume of cerebral WM.
With the exception of the Amygdala and CC (which
vary in proportion to BV), all further BCs increase
‘slower’ with increasing BV. Larger brains are thus
associated with relatively smaller BC volumes. CT is
only weakly related to BV, a finding that is partly in
contradiction to the results provided by Vouksima et al.
[35] reporting no relationship. To reconcile our findings
with those of Vouksima et al. [35], one can state that this
relationship is less clear than the relationship of most of
the other BCs.
The extreme differences in BV to brain compartment
relationships have substantial practical implications. For
example, in brain imaging research, MRI measurements
of brains are mostly transformed from native space to
a standard stereotactic space (MNI or Talairach and
Tournoux) [8,36]. These transformations, regardless of
whether they use linear or nonlinear transformation
functions, do not take into account the different allo-
metric relationships between the individual brain com-
partments and total BV. A further problem arises when
the different brain compartments are normalized to BV,
for example, to examine sex differences independent of
total BV. Because of the different relationships between
the brain compartments and BV, this normalization might
either overestimate or underestimate the volumes of the
brain compartments, and thus bias the analysis in an
unpredictable manner.
As can be seen from Table 2, there are substantial sex
differences with respect to the different brain measures
[1,5,6,37,38]. This is a well-known fact and has been
discussed intensively in several eminent papers. As
this paper is not designed to examine anatomical sex
differences, we will refrain from discussing this issue in
the context of this paper. We point out that several
studies have shown that these sex differences strongly
diminish or even disappear when the brain measures
are normalized to total ICV [1,5]. However, it has to be
kept in mind that BV is only imperfectly associated
with ICV and that the relation is also less than
proportional.
Conclusion
This statistical analysis uncovered extremely different
relationships between total BV and the BC metrics. The
uncovered relationships varied between an extremely
strong relationship (BV explaining 85% of the variability
of NAWM volume) to very weak relationships (Caudate
and CT). In addition, NAWM and Accumbens scaled out
of proportion with BV, whereas most other BC measures
scaled less than proportional to BV. Thus, NAWM
increases at a faster rate than does BV, with larger brains
showing relatively larger NAWM and Accumbens than
smaller brains. CortexVol (and most of the other BCs), on
the other hand, increases less than BV, resulting in rela-
tively smaller CortexVol in large brains. These different
relationships might be linked to specific allometric
principles that are mostly unknown. However, we spec-
ulate that with increasing brain size, there is a greater
need for increased speed of information transfer by the
cortical fiber system. Thus, an increase in cerebral WM
volume is necessary for larger brains. Taken together the
BC volumes do not simply scale up linearly with increasing
brain size.
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metrics in the equation. The vertical lines indicate the 99% confidence
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in this figure. Ac, Accumbens; Am, Amygdala; Cau, Caudate; CBGM,
cerebellar gray matter volume; CBWM, cerebellar white matter volume;
CC, corpus callosum volume; CSA, cortical surface area; CT, cortical
thickness; NAWM, cerebral normal-appearing white matter volume; Pa,
Pallidum; Pu, Putamen; Th, Thalamus.
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